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Protein domains characteristic of eukaryotic innate immunity and apoptosis have many prokaryotic
counterparts of unknown function. By reconstructing interactomes computationally, we found that bacterial
proteins containing these domains are part of a network that also includes other domains not hitherto
associated with immunity. This network is connected to the network of prokaryotic signal transduction
proteins, such as histidine kinases and chemoreceptors. The network varies considerably in domain
composition and degree of paralogy, even between strains of the same species, and its repetitive domains are
often amplified recently, with individual repeats sharing up to 100% sequence identity. Both phenomena are
evidence of considerable evolutionary pressure and thus compatible with a role in the “arms race” between
host and pathogen. In order to investigate the relationship of this network to its eukaryotic counterparts, we
performed a cluster analysis of organisms based on a census of its constituent domains across all fully
sequenced genomes. We obtained a large central cluster of mainly unicellular organisms, from which
multicellular organisms radiate out in two main directions. One is taken by multicellular bacteria, primarily
cyanobacteria and actinomycetes, and plants form an extension of this direction, connected via the basal,
unicellular cyanobacteria. The second main direction is taken by animals and fungi, which form separate
branches with a common root in the α-proteobacteria of the central cluster. This analysis supports the notion
that the innate immunity networks of eukaryotes originated from their endosymbionts and that increases in the
complexity of these networks accompanied the emergence of multicellularity.
© 2014 The Authors. Published by Elsevier Ltd. All rights reserved.Introduction
The term immunity is generally used as a synonym
for adaptive immunity [1–3]. This type of immunity is
characteristic for vertebrates and depends on the
variability of antigen-recognizing receptors, which
are either exposed on the surface of lymphocytes or
secreted. In vertebrates with jaws (gnathostomes),
this variability is achieved by combinatorial assembly
of the immunoglobulin V, D, and J genes segments,
whereas in jawless vertebrates (agnathans), an
analogous process involves the rearrangement of
leucine-rich repeat (LRR) genes. By virtue of such
gene rearrangements, vertebrates generate a re-
ceptor repertoire of sufficient diversity to recognizeatter © 2014 The Authors. Published by Elseany potential pathogen; however, this diversity is not
transmitted to the offspring.
The primary form of defense in most other multicel-
lular eukaryotes, including plants, fungi, and non-verte-
brate metazoans, is an evolutionarily older strategy
termed innate immunity. In contrast to adaptive
immunity, innate immunity is devoid of a gene
rearrangement system and relies on predefined
receptors inherited from generation to generation,
which recognize conserved pathogen-associated
molecular patterns. Thus, within one organism, the
variability of innate immunity receptors is usually
small and the only way to increase it is to form large
multi-gene families, as is, for example, the case in
many land plants.vier Ltd. All rights reserved. J. Mol. Biol. (2014) 426, 1568–1582
1569Eukaryotic-like Bacterial Protein NetworkToll-like receptors, NOD-like receptors, and R
proteins are typical for innate immunity [4–7]. They
are modular, multi-domain proteins built from a
common set of core components, namely, STAND
ATPase [8–10], TIR [11], and different types of
interaction-mediating domains, usually of repetitive
nature (e.g., LRR, WD40, and TPR repeats; domain
name abbreviations are explained in Table 1).
Together with caspase proteases [12], these com-
ponents also form the core of the programmed cell
death (apoptosis) machinery [5]. In both innate
immunity and apoptosis, these multi-domain proteins
form complex networks, which have been studied in a
range of eukaryotic model organisms. The compo-
nents characteristic for innate immunity and apoptosis
have homologs of unknown function in many bacteria
and these homologs are frequently assembled into
proteins that resemble their eukaryotic counterparts
[13–15]. However, it is not known whether these
proteins also form functional networks and, if so,
whether these networks were ancestrally present in
bacteria or were acquired later by lateral transfer from
eukaryotes [16,17]. In order to achieve further insight
into these two questions, we undertook a compre-
hensive genome analysis study, which revealed the
existence of a novel, dynamically evolving proteinable 1. Protein domain families analyzed in this study.
amily Subfamily Number of
sequences
CLANS parameters
TAND (signal transduction ATPases with
numerous domains)
AP 4029 Attract value/exponent, 10/1; repulse value/
exponent,
5/1; P-value threshold, 1e−10; 3D mode
NACHT 2570
SWACOS 1503
MalT 729
MNS 1510
ysteine proteases Caspases 679 10/1, 10/1, 1e−5, 3D
M e t a /
paracaspases
1280
Legumains 396
Separase-like 1142
rokaryotic-like STK (serine/threonine protein
kinases)
6996 10/1, 5/1, 1e−40, 3D
IR (Toll/interleukin-1 receptor) Prokaryotic-like 2418 10/1, 10/1, 1e−5, 2D
Eukaryotic-like 1082
TIR-like 260
UN4 Canonical 79 10/1, 4/1, 1e−5, 2D
GUN4-like 173
OC-COR (Ras of complex proteins–the
C-terminal of Roc)
201 10/1, 5/1, 1e−20, 3D
-type lectins 833 10/1, 25/1, 1e−3, 3D
D40 repeat 18,436 The clustering step was not performed for the
repetitive domains.
PR (tetratrico peptide repeat) 13,781
EAT [Huntingtin, elongation factor 3 (EF3),
protein phosphatase 2A (PP2A), and the
yeast PI3-kinase TOR1]
6745
RR 14,770
entapeptide repeat 2252
ubfamilies were defined by clustering in CLANS with the given parameters using the procedure outlined in Materials and Methods,
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Dnetwork in bacteria. This network also contains other
domains not hitherto associated with immunity and
appears to be under strong evolutionary pressure. By
comparing the representation of the constituent
domains of this network across available bacterial
and eukaryotic genomes, we found that animals,
plants, and fungi independently developed their
networks from bacterial precursors and that further
developments characterize multicellular bacteria,
such as cyanobacteria and myxobacteria. The results
of this study indicate that the networks mediating
innate immunity and apoptosis in plants and animals
have a prokaryotic ancestry and reveal equivalent
networks with potentially the same functionality in
fungi and multicellular bacteria.Results and Discussion
During a study on the evolution of β-propellers, a
class of repetitive domains frequently involved in
protein–protein interactions, we encountered propel-
lers of the WD40 family whose blades had been
amplified so recently in evolutionary time that the
blades within one propeller were more similar to
each other than to any other blade in the sequence
Fig. 1. Sequence alignment of the 14 blades of the recently amplified propeller in Npun_R6612 of N. punctiforme
PCC73102. (a) Protein sequence alignment; the non-repeating strand 4 of the velcro blade is marked gray; the 10 point
mutations in the repeating part are highlighted in yellow. Arrows in the background indicate the four β-strands of the
propeller blades. (b) DNA sequence alignment; coloring as in (a).
1570 Eukaryotic-like Bacterial Protein Networkdatabase [18]. Particularly striking was the case of
one propeller from the multicellular cyanobacterium
Nostoc punctiforme (gi|186686617), whose 14 blades
have accumulated a total of only 10 point mutations
since their amplification, resulting from 13 non-synon-
ymous substitutions at the DNA level (Fig. 1). As there
are no synonymous substitutions, the evolutionary
pressure on this propeller is evidently very large and
not expressible as a dN/dS ratio. Intrigued by this
observation, we analyzed the gene environment of
this propeller and found that it forms the C-terminalFig. 2. Genomic context of Npun_R6612. Arrows denote
individual domains (CC, coiled coil; TM, transmembrane helix;
Table 1).part of a protein with an N-terminal STAND ATPase
domain, an architecture widespread in some
branches of bacteria [13–15]. The gene encoding
this protein is translationally coupled within an operon
to anotherSTANDATPase carrying anN-terminal TIR
domain (Fig. 2). In an orthologous variant of this
operon from the cyanobacterium Acaryochloris mari-
na, the TIR-STANDATPase also carries an additional
caspase-like protease domain at its N-terminus. We
had thus identified a prokaryotic operon combining
three core domains of eukaryotic innate immunity andprotein-coding genes and color bars correspond to the
wHTH, winged helix–turn–helix; other domain names as in
1571Eukaryotic-like Bacterial Protein Networkapoptosis networks with a rapidly evolving interac-
tion-mediating domain that is also encountered in
innate immunity proteins. A census of these domain
types inN. punctiformePCC73102 yielded 73STAND
ATPases, 48 caspase-like proteases, 12 TIR do-
mains, and 35WD40propellers, of which 5 have been
amplified recently as judged by the high degree of
sequence identity of their blades. In addition, we found
at least 4WD40 propellers disrupted by frameshifts or
in-frame stop codons, suggesting a rapid turnover in
the genes encoding these proteins.
Surprised by the magnitude of these numbers, we
decided to investigate to what extent these domains
might be functionally coupled. For this, we employed
three well-established and widely used methods
[19–21] for computing functional protein networks:
Rosetta stone (RS), phylogenetic profiling (PP), and
geneneighborhood (GN) (seeMaterials andMethods).
Thesemethods perform particularly well in prokaryotesFig. 3. Cluster maps showing the predicted functional intera
E. coli. Dots correspond to individual proteins and edges rep
their outline is omitted for clarity. (a) Maps with highlighted fun
envelope functions, yellow; cell envelope biogenesis, blue. (b)
presence of a repeat and its intensity reflects how recently th
proteins containing ELB domains.due to the frequent arrangement of genes into operons
and to the very large number of available complete
genomes.With eachof the threemethods,we compute
measures for the likelihood that any pair of proteins in a
givengenomeare functionally related, andwecombine
these into a “coupling” score.We then use this score to
cluster all proteins predicted to have at least one
functional partner and test the topological robustness
of the resulting cluster maps (Fig. 3 and Figs. S1 and
S2; see Materials and Methods). In a control run with
the genome of Escherichia coli K12, we obtained the
clusters expected from COG functional annotations,
such as for translation, various transport and biosyn-
thesis pathways, and signal transduction (Fig. 3a and
Fig. S10). The latter was formed mainly by canonical
prokaryotic signaling proteins (61% according to COG
functional annotations) but also included flagellar
proteins (24% according to COG functional annota-
tions; both shown green in Fig. 3a).ctomes for N. punctiforme, Beggiatoa sp. PS, F. alni, and
resent predicted functional coupling. Where dots overlap,
ctional clusters: signal transduction, green; ELB, red; cell
Maps with highlighted repetitive proteins: red indicates the
e amplification event occurred. (c) Maps with highlighted
1572 Eukaryotic-like Bacterial Protein NetworkThe N. punctiforme PCC73102 interactome also
revealed these clusters. However, the signal trans-
duction cluster, identified by COG functional annota-
tions to consist ofmore than70%of signal transduction
proteins, was tightly coupled to a second cluster (red
in Fig. 3a) not present in E. coli. This cluster was
composed mainly of domains considered typical for
eukaryotic proteins. In the following, we will therefore
refer to this cluster as the ELB network, for eukaryotic-
like bacterial protein network. In addition to most of the
aforementioned STAND, TIR, and caspase domains,
we found the ELB network to contain many separase-
like proteases [12], Ser/Thr-protein kinases [22],
GUN4 domains [23], ROC-COR domain tandems
[24], and C-type lectins [25] (further in the text, we
will refer to these domains as the ELB domains). ThereFig. 4. Census of ELB domains in selected organisms. G
calculated are shown in boldface. Numbers in the table cells g
organism and the numbers in brackets show how many of the
maps.were also a large number of repetitive domains
formed by WD40, TPR, LRR, HEAT, and pentapep-
tide repeats, each of which had recently amplified
representatives (Fig. 3b and Fig. S4). The only other
group of recently amplified repeats inNostoc occurred
in integrin-like β-propellers, which are part of a satellite
cluster of proteins involved in cell envelope functions
(yellow in Fig. 3a). A second satellite cluster involved
in cell envelope biogenesis (blue in Fig. 3a) consisted
largely of 60 glucosyltransferases (29 of type A,
COG0463; 31 of type B, COG0438).
Given the number and diversity of domains predict-
ed to be part of the ELB network in N. punctiforme,
we decided to perform a census of their occurrence
across genomes representing all phylogenetic groups
(all analyzed genomesare listed inDatabaseS1; also,enomes for which the interactome maps (Fig. 1) were
ive the occurrence of each domain type in the respective
se were recovered in the ELB clusters of the interactome
1573Eukaryotic-like Bacterial Protein Networkrepresentatives that contain many ELB domain
instances are listed in Fig. 4); in this, we followed
evolutionary classifications. The STAND ATPases
were divided into the AP, NACHT, SWACOS, MalT,
andMNS families, as defined by Leipe et al. [8]. For the
cysteine proteases, we captured the canonical cas-
pases, themeta/paracaspases, the legumains, and the
separase-like family (HetF-like) according to the
MEROPS [26] classification and to Aravind and
Koonin [12]. In the TIR family, we recognized three
groups, two based on the recent study of Zhang et al.
[27] and the third defined by sequence cluster analysis
(Fig. S5). Among C-type lectin domains, we consid-
ered only the family shown to be hyper-variable in
the study of McMahon et al. [25], and among Ser/
Thr-protein kinases, we considered only the prokary-
otic family defined by Tyagi et al. [28]. GUN4 domains,
finally, were divided into a canonical group and a
GUN4-like group based on sequence cluster analysis
(Fig. S6).
The obtained census showed that these domain
types are present across prokaryotic taxa (Database
S1; Fig. 4), albeit generally with low representation,
both in the number of domain types per genome and
in the number of exemplars per type. Also, none of
the analyzed genomes included an exemplar for
every domain type. However, some bacterial line-
ages contained many of the domain types, almost
invariably including all three core components
(STAND, TIR, and caspase-related protease) and
often amplified into multi-gene families. We found
that organisms in these lineages have in common a
complex life cycle that frequently involves a multicel-
lular stage. They include most cyanobacteria, actino-
mycetes,myxobacteria, andplanctomycetes; theyalso
include many verrucomicrobia and α-proteobacteria
and the multicellular γ-proteobacterium Beggiatoa.
Their genomes revealed striking variance in domain
content, particularly with respect to the extent to which
individual domain types are amplified, even between
closely related strains (Fig. 4).
These observations suggest that the ELB network
identified inNostoc is an exemplar of a more common,
dynamically evolving system,which is present inmany,
phylogenetically diverse bacterial lineages. In order to
verify this, we calculated functional interactome maps
for two other, taxonomically distant bacteria chosen for
their multicellular nature and wealth of domains
characteristic for ELB networks: the actinobacterium
Frankia alni and the γ-proteobacterium Beggiatoa sp.
PS (Fig. 3). According to the census, both genomes
contain ELB domains in quantities similar to Nostoc,
and for both of them, we recovered most of these in a
cluster tightly connected to the signal transduction
cluster, as already seen inNostoc (Fig. 3). Additionally,
Beggiatoa (but not Frankia) contained the two satellite
groups of proteins involved in cell envelope biogenesis
and function, whichwe had already identified inNostoc
(blue and yellow, respectively, in Fig. 3a). Recentlyamplified repeats, which were nearly absent in
Escherichia but common in Nostoc, also occurred in
Frankia and Beggiatoa and were mostly specific to the
ELB network (Fig. 3b). From these observations, we
conclude that network formation is a common property
of ELB domains.
Given the widespread occurrence of domains
participating in ELB network formation in all king-
doms of life (Database S1), we wondered whether
the patterns of their occurrence might reveal under-
lying evolutionary trends in the origin of the corre-
sponding ELB networks. To this end, we compared
~900 genomes using a genome clustering approach,
in which (i) each genome is represented by a vector
reflecting its ELB domain composition, (ii) distances
are computed between all vectors, and (iii) these are
then used to calculate the cluster map (which we
subjected to extensive statistical tests; Figs. 5 and 7
and Figs. S7–S9; see Materials and Methods) and
the heat map (Fig. 6). In the cluster map, we obtained
a large central cluster formed mainly of prokaryotes
but also including many, mostly unicellular eukary-
otes. these organisms have in common that they
contain few ELB domain types and these only in low
copy number. Nevertheless, the genes encoding
these domains are often found in chromosomal
vicinity. Examples from phylogenetically distant bac-
teria include Daro_3600 (TIR) and Daro_3599
(AAA-WD40) from Dechloromonas aromatica,
CHU_1023 (TIR-AAA) and CHU_1024 (AAA-WD40)
from Cytophaga hutchinsonii, Ctha_1722 (TIR) and
Ctha_1723 (AAA-TPR) from Chloroherpeton thalas-
sium, Sfum_1089 (TIR-caspase) and Sfum_1091
(AAA-WD40) from Syntrophobacter fumaroxidans,
and Tmz1t_0175 (TIR) and Tmz1t_0174
(AAA-WD40) from Thauera sp. MZ1T. Interestingly,
the C-terminal region of Tmz1t_0175 shows remote
sequence similarity toMilB, which is a CMP hydrolase
involved in the biosynthesis of the antifungal com-
pound mildiomycin. These arrangements resemble
operons that we have identified in N. punctiforme and
A.marina, suggesting that these proteins already form
functional networks (Fig. 2).
The central cluster is not homogeneous; instead,
major prokaryotic taxa such as the α-proteobacteria
(blue in Fig. 5a) or the actinobacteria (lime in Fig. 5a)
tend to segregate to different areas. Several indepen-
dent lineages radiate from these areas and some
of these show a marked increase in ELB domain
representation (Fig. 5b).
One comprises the actinobacteria; these extend
out from the central cluster in a broad branch that forks
toward its tip and whose two daughter branches differ
in their ELB domain representation. The branch that
comprises genomes with fewer ELB domains is
formed by unicellular actinobacteria and also includes
unicellular organisms from other bacterial taxa with
complex life cycles, primarily planctomycetes and
verrucomicrobia. The branch that comprises genomes
Fig. 5. Genome cluster maps. Dots correspond to individual organisms and edges represent the similarity between their
ELB networks. Where dots overlap, their outline is omitted for clarity. (a) Coloring by taxonomy: cyanobacteria, cyan;
actinobacteria, lime; α-proteobacteria, blue; archaea, magenta; protists, yellow; fungi, orange; metazoa, red; green algae
and land plants, green. (b) Coloring by the representation of ELB domains: red color intensity corresponds to the number of
ELB domain types per genome and the number of exemplars per type. (c) Coloring by prokaryotic multicellularity: the red
color marks organisms annotated as filamentous. (d) Coloring by recently amplified repeats: red color intensity
corresponds to the abundance of recently amplified repeats in a given organism.
1574 Eukaryotic-like Bacterial Protein Networkwith many ELB domains is formed mainly by filamen-
tous actinobacteria and cyanobacteria (Fig. 5c) and
also includes Beggiatoa and those myxobacteria that
form fruiting bodies. Land plants form an extension of
this branch and are loosely connected to it, mainly
through the unicellular cyanobacteria at its base
(Cyanothece and Gloeobacter). We attribute thelooseness of this connection, which is made almost
entirely via the basally positionedmossPhyscomitrella
patens, to the low number of available plant genomes
and the focus on higher, agriculturally important plants.
Despite its looseness, however, this connection is
highly reproducible and resistant to noise and data
omissions (Figs. S7–S9).
Fig. 6. Genome heat map. Genomes are arrayed in
columns and rows in the same order as generated by the
clustering procedure (see Materials and Methods). The
darkness of the fields at the intersections is indirectly
proportional to their pairwise distances. Color bars at the
edges correspond to the taxonomy-guided color scheme
of Fig. 5a. (a) Heat map of all genomes from the cluster
map (Fig. 5). (b) Close-up view of the heat map region
indicated with the red box.
1575Eukaryotic-like Bacterial Protein NetworkTwo further branches, one formed by animals and
the other formed by fungi, extend out from a common
root within the α-proteobacteria, which themselves
extend in a third, shorter branchcomposedofRhizobia.
In the animal branch, the nematodes are found basally,
the insects are at an intermediate position, and the
chordates are toward the tip, suggesting a general
correlation between anatomical complexity and ELB
domain representation (Fig. S3). This correlation is also
visible in the comparison between animals and fungi,
which are anatomically simpler, as well as within the
fungal branch itself, where unicellular fungi (yeasts) all
cluster in the basal area (Fig. S3). This basal area also
encompasses most protists and all three unicellular
green algae in the cluster map.In addition to the clustering approach, we used an
alternativemethod to cluster and visualize the pairwise
distances between the genomes (Fig. 6). The obtained
heat map is in agreement with the genome cluster
map; that is, three clearly visible clusters correspond
to the central cluster, the actinobacteria–cyanobac-
teria branch, and the animal–fungi branch. Also, as
seen in the genome cluster map, the land plants are
specifically linked to cyanobacteria (Fig. 6b).
Evolution of the individual ELB domains has
been studied extensively, and for some of them, such
as metacaspases and AP STAND ATPases, the
endosymbiotic origin in eukaryotes was implicated
[16]. The clustering results presented here suggest
that the ELB network as a whole is of bacterial origin
and that eukaryotes acquired the ancestors of their
networks by horizontal gene transfer from their
endosymbionts. Initial transfer occurred from mito-
chondria before the separation of plant, animal, and
fungal lineages, as judged from the fact that unicellular
eukaryotes (including unicellular algae) cluster with
the α-proteobacteria, which are the presumed ances-
tors of mitochondria. Additional transfer occurred
subsequently from chloroplasts, as indicated by the
linkage between land plants and unicellular cyano-
bacteria. On the path to multicellularity, each of the
three lineages amplified the basic complement of ELB
domains independently and with different emphasis.
Thus, animals mainly amplified the NACHT family of
STAND ATPases, eukaryotic-like TIR domains, and
canonical caspases; plants amplified the AP family
of ATPases, prokaryotic-like TIR domains, and
meta/paracaspases. Fungi amplified both NACHT
and AP ATPases to similar extent and use meta/
paracaspases; TIR domains appear to be missing
entirely. In support of this endosymbiotic scenario
for the origins of eukaryotic innate immunity, we
note that the phylogenetic sister group of eukaryotes,
the archaea, are mainly located on the opposite
side of the cluster map, where they form their own
extension uncorrelated to the emergence of multicel-
lular forms.
In animals and land plants today, proteins con-
taining ELB domains broadly mediate innate immu-
nity, including programmed cell death (apoptosis in
animals and hypersensitive response in plants). A
homologous origin of these domains is not in doubt;
however, there is an ongoing debate [29,30] whether
the last common ancestor of animals and plants had
already combined these domains into protein net-
works that mediated innate immunity [31] or the
domains were assembled independently into immu-
nity-mediating networks after separation of the two
lineages [32]. Our results indicate that ELB domains
were already connected into functional networks in
bacteria and that this property is thus ancestral to all
eukaryotes; in other words, that the innate immunity
networks of animals and plants are of homologous
origin. Nevertheless, as outlined above, they were
1576 Eukaryotic-like Bacterial Protein Networkamplified and differentiated along separate paths
and thus also contain many analogous features.
Our results, however, do not provide insight into
whether these networks were also ancestrally
involved in innate immunity or independently ac-
quired this role in different lineages. In the functional
interactomes we computed (Fig. 3), we see no
connection in prokaryotes between the ELB network
and known immunity/suicide responsepathways, such
as CRISPR [33] or toxin–antitoxin systems [34].
Rather, the ELB network is strongly linked to two-
component signal transduction systems and to pro-
teins involved in cell envelope biogenesis and function.
Since the latter may generate lineage-specific patterns
of surface carbohydrates, providing a cellular identity in
cell–cell interactions, theELBnetworkmaybe involved
in self versus non-self recognition. Such a functionality
would be a prerequisite for the formation of multicel-
lular forms and may thus account for the observed
correlation between ELB network complexity and
multicellularity. While also important for immunity, it
would clearly entail many aspects uncorrelated to it.
Nevertheless, we find it attractive to consider that
bacterial ELB networks perform the same function
as in eukaryotes. In support of this hypothesis, we
note that programmed cell death has been pro-
posed in cyanobacteria [35,36] and that the ELB
networks we identified are under considerable
evolutionary pressure, indicating a race against
pathogens. Thus, we observe a high turnover rate of
network components and an abundance of recently
amplified interaction-mediating domains. Such ampli-
fication is also seen in multicellular eukaryotes—
except in animalswith adaptive immunity, presumably
because these have developed their own class of
interaction-mediating domains with the immunoglob-
ulins (Fig. 5d). The common root of animal and plant
innate immunity in prokaryotes additionally suggests
as the most parsimonious assumption that the
common ancestor of these networks already partici-
pated in immunity and that the simple systems found
throughout prokaryotes may still do so today. Such an
activity could, for example, be a simple, non-specific
degradation of the major cellular proteins in response
to infection, inducing a quiescent state, slowing down
multiplication of the pathogen, and allowing its
elimination by cellular defense systems such as
restriction enzymes.Materials and Methods
Protein functional coupling prediction
Functional coupling between protein-coding genes was
predicted for four genomes (E. coli K12, N. punctiforme
PCC73102, Beggiatoa sp. PS, and F. alni) using three
sequence-based methods: RS, GN, and PP.The RS approach relies on the observation that some
pairs of functionally related proteins in one organism have
homologs that are fused into a single chain in another
organism [37]. In order to identify such fusion events, each
protein of the aforementioned four genomes was used as a
query in a BLAST [38] search against the NR90 database
(non-redundant protein database at the National Center
for Biotechnology Information filtered to 90% sequence
identity). The obtained results were combined and
scanned for the presence of protein pairs in one organism
that show significant similarity (BLAST E-value b 1e−10)
to two non-overlapping regions of a single protein in another
organism. For all identified cases, RS coupling scores were
calculated as described by Bowers et al. [39].
The GN method exploits the notion that proteins that are
functionally associated are frequently encoded in close
physical proximity in the genome (the most apparent case
of this phenomenon involves conserved operon structures)
[40]. For the genome context analysis, a database comprising
protein sequences originating from a representative set of
622 fully sequenced genomes was created (622DB). For
each protein pair with detectable homologs (BLAST
E-value b 1e−10) in this database, a GN coupling score
was calculated as described by Bowers et al. [39].
The PP method uses the presence and absence of pairs
of proteins across genomes to infer functional relatedness
[41]. This procedure was implemented according to the
work by Date and Marcotte [42]. For each gene of the
query genome, a phylogenetic profile was generated by
searching 622DB with BLAST (E-value cutoff, 1e−10).
Subsequently, the similarities between all profile pairs
were expressed in terms of mutual information scores [42].
To choose score cutoffs that allow distinguishing between
functionally coupled and uncoupled proteins, we applied the
following procedure: first, true positive (TPS) and true
negative (TNS) sets were generated. The TPS comprises
5859 non-redundant protein pairs from E. coli K12 that were
experimentally confirmed to be functionally coupled. It was
obtained by combining 1231 protein pairs extracted from
DIP database [43] (common protein complex), 1456 pairs
from EcoCyc database [44] (common protein complex),
1410 pairs from KEGG database [45] (common metabolic
pathway), and 2394 pairs from KUPS [46] (a Web service
that generates sets of interacting and non-interacting protein
pairs). The TNS was created by random pairing of the
proteins present in the TPS in such a way that the newly
obtained pairs never contain proteins that are part of the
samecomplex or participate in the samemetabolic pathway.
In addition, the TNS was enriched with 10,498 pairs
generated with KUPS, which resulted in the final set of
14,569 protein pairs. In the next step, for each functional
coupling prediction method, positive predictive values
(PPVs) were calculated for a continuum of score cutoffs
using the following equation:
PPV ¼ TP
TPþ FP ;
where TP is the number of true positives (correctly predicted
pairs from the TPS) and FP is the number of false positives
(pairs from the FPS incorrectly predicted as functionally
coupled) obtained at the given cutoff. The final cutoffs were
set to maximize PPVs of the individual methods. The cluster
maps (Fig. 1) were calculated using the following cutoffs: RS,
1e−3 (PPV = 0.949, specificity = 0.999, sensitivity =0.016);
GN, 1e−80 (PPV = 0.983, specificity = 0.999, sensitivity =
1577Eukaryotic-like Bacterial Protein Network0.130); and PP, 0.7 (PPV = 0.991, specificity =0.999, sensi-
tivity = 0.019). These cutoffs offer high specificity (obtained at
the expense of sensitivity), which is essential for this study.
Interactome map generation
For each of the analyzed genomes, an interactome map
was calculated in the following way: first, for each protein pair
that was predicted to be functionally coupled by at least one
method (i.e., with a score above the cutoff), a consensus
coupling score was calculated as 1e−X, where X is the
number of methods that predicted the coupling. Next, these
pairs and corresponding consensus coupling scores were
clustered in 2D (2-dimensional) in the program CLANS [47],
which generates a force-directed layout froman all-against-all
matrix of P-value-like scores. For clustering, we used an
attract value/exponent of 10/1 and a repulse value/exponent
of 50/1. The interactomes capture 1992 proteins ofE. coliK12
(48% of the genome), 1996 proteins ofN. punctiforme (30%),
2347 proteins of Beggiatoa sp. PS (35%), and 1930 proteins
of F. alni (29%).
The topological robustness of the four interactome
networks was assessed by recalculating them either at
relaxed cutoffs (Fig. S1) or after removing 80% of randomly
selected functional linkages (Fig. S2).
All proteins present in the four interactome maps were
scanned for the presence of internal repeats with TRUST
[48]. For each repeat, TRUST provides a multiple sequence
alignment of its repeating units. These alignments were
analyzed separately using al2co [49] in order to obtain
conservation indices (0, no conservation, to 9, full conser-
vation) for each column of an alignment. The arithmetic
mean of conservation indices calculated for one repeat is
denoted as an “amplification index”, which describes how
recently the repeat was amplified. The obtained amplifica-
tion indices were scaled and mapped as a red-colored
gradient onto the interactome maps (Fig. 3b). In cases
where a protein has more than one repeat, the highest
amplification index value was considered.
Domain census calculation
The following protein domain types were considered
in the census: STAND ATPases, cysteine proteases, Ser/
Thr-protein kinases, TIR, GUN4, ROC-COR, C-type
lectins, and five repetitive families (WD40, TPR, HEAT,
LRR, pentapeptide repeats). Each of these was analyzed
individually using the following procedure: first, homologs
were obtained from the RefSeq [50] database using
exhaustive PSI-BLAST searches. Next, the obtained
sequences were clustered in CLANS based on pairwise
BLAST P-values, and families were defined based on the
available classifications (see the main text and Table 1).
Finally, domain counts were generated for each domain
family in each genome. In the case of repetitive domains,
only those that have amplification indices greater than 6
were counted (calculated using TRUST, as described
above). This cutoff was selected based on the analysis of
43,807 repeats originating from 26,359 proteins (Fig. S4).
Moreover, in the obtained census, only genomes that are
annotated as draft or complete in the GOLD [51] database
were kept. The abovementioned procedure resulted in a
census covering 949 genomes (Database S1).Genome clustering
To cluster the aforementioned genomes, we computed
pairwisedistances that reflect thedegreeof similarity between
domain family occurrence patterns. We represented each
genome by a 17-dimensional vector, where each domain
family is considered in a separate dimension. The elements of
each vector are the number of occurrences of each domain
family for the respective genome (Database S1).
There are two main limitations of the vector represen-
tation: first, it does not distinguish between domains
forming ELB networks and those homologous to them
but found in proteins that participate in different pathways.
In order to achieve this level of detail, we would need to
calculate functional networks for all of the analyzed
genomes, which would represent an extremely high effort.
Moreover, as seen in Figs. 3c and 4, most of the
considered domains participate in the formation of ELB
networks in all three interactomes. The second limitation
concerns the fact that the vector representation does not
preserve information on the proteins in which the domains
were found. A solution to this problem would require using
much larger vectors, taking into account all possible
domain architecture patterns. Despite the abovemen-
tioned limitations, the vector representation appears to
us to be the best and simplest approximation of the ELB
network content in a given organism.
In our analysis, we omitted genomes with vectors that
contained less than two non-zero values, reducing the
number of genomes to 898. We calculated the all-again-
st-all distances between genome vectors containing at
least two non-zero values using the following procedure:
First, a decay function was applied to each element
of every vector to reduce the influence of domain count
differences for highly amplified families (e.g., the closely
related genomes of Arabidopsis thaliana and Arabidopsis
lyrata have 203 and 177 AP ATPases, respectively),
reducing the distance between vectors that have similar
occurrence patterns:
decay xð Þ ¼ 1−exp −a  x
b
 
1−exp −a  1b  :
The normalization scales the result relative to the value
of a single domain occurrence. We empirically chose
a = 1/20 and b = 1.2.
Second, we calculated pairwise distances between the
decayed genome vectors gi and gj as
distance gi ; g j
 
¼ exp −
nonzero pairs gi ; g j
 
n  gi−g j


0
B@
1
CA;
where nonzeropairs (gi, gj) is a function that returns the
number of corresponding positions at which both vectors
gi and gj have values greater than 0. This function was
introduced to decrease the attraction between vectors
comprising many zero values and thus improve the
resolution of the clustering. The number of domain types
in all genome vectors gi and gj in our study is n = 17 and
gi−gj
  denotes the Euclidean distance between gi and
gj.
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distances using two approaches: CLANS and heat map. In
the case of CLANS (2D mode, attract value/exponent, 10/
1; repulse value/exponent, 10/1), a two-step procedure
was used: after 3000 initial roundswith a permissive cutoff of
0.999, clustering was continued for another 50,000 rounds
with the more stringent cutoff value 0.983. Owing to this
procedure, we took into account even weak background
signals during the clustering process, but the final map only
shows connections predicted with high confidence.
For the heat map generation, all pairwise distances were
transformed into a 2D distance matrix. All distance values
smaller than 0.96 were changed to 0.96, and all distance
values larger than 0.993 were rejected. The matrix was
subsequently subjected to an average linkage clustering
procedure using a correlation metric, as implemented in
Scipy [52]. The obtained clustered matrix was visualized
using Matplotlib [53].
Test set generation
The two-step genome clustering procedure was tested for
reproducibility and robustness to perturbations in the input
data. To this end,wecalculated five test sets, eachcomprising
1000 cluster maps, using the aforementioned two-step
clustering procedure. The initial step of each clustering was
a random placement of the genomes in 2D space.
(1) The “reproducibility” set comprises cluster maps
created from the undistorted input data. This set
was generated to assess the ability of the proce-
dure to converge reproducibly onto a single map
despite random initialization.
(2) The “noise” set was created to estimate the effects
of errors in domain count values. It consists of
independently generated data sets in which each
domain count was increased or reduced by up to
20% prior to applying the decay function, based on
a uniform random variate.
(3) The “omit 3 of 17” set tests the reproducibility of the
map topology with randomly generated subsets of
the input data. For this set, the pairwise distances
between vectors were calculated using 14 random-
ly selected domain types for each genome. To
retain the original vector length of 17 for compara-
bility with the other test sets, we selected 3 of the 14
retained elements at random and appended them
to the vector in random order.
(4) As a baseline reference, two “shuffle” sets were
calculated by clustering independently generated
data sets for two cases: in one, the 17 values of
each genome vector were randomly interchanged
(“shuffle values in matrix rows”), and in the other,
the 898 values of each domain type were similarly
shuffled (“shuffle values in matrix columns”).
We computed an exemplary cluster map for each test set,
to give an impression of the introduced changes (Fig. S7).Cluster map comparisons and superimposition
Due to the clustering algorithm implemented in CLANS,
changes in cluster map topology lead to maps of differentsizes. To compare two cluster maps, we therefore optimally
superimposed them with respect to scaled RMSD (root--
mean-square deviation) using the scale_and_fit function of
the CSB package [44]. The scale_and_fit function finds the
optimal scaling, rotation, and translation between two sets of
coordinates so that the RMSD between the two sets is
minimal. In our case, the coordinates are the positions of the
genomes in a cluster map, which we extracted from the
CLANS files using the bio.io.clans module of CSB. As can
be seen from Fig. S8, maps with RMSD values up to 5 are
topologically so similar that differences are difficult to
recognize visually.
Reference cluster map choice
To objectively pick a cluster map that represents our data,
we used the aforementionedmethod to compute all pairwise
RMSD values of the 1000 entries in the “reproducibility” test
set. The clustermapwithminimalmedianRMSD to the other
999 was chosen as reference map and is also the basis of
the feature mapping (see below).
Cluster map features
We mapped four features onto the reference map:
taxonomy, ELB domain representation, abundance of the
recently amplified repeats, and multicellularity (Fig. 5).
(1) Taxonomy data for all genomes were retrieved from
the National Center for Biotechnology Information
Taxonomy database.
(2) The ELB domain representation of a genome was
calculated as
networkcomplexity gið Þ
¼ 1−exp −
30 
Xn
j¼1
gi; j 
Xn
j¼1
nonzero gi; j
 
n
0
BBBB@
1
CCCCA
;
where gi,j denotes the domain count in the jth
element of a genome vector gi, n again is the
number of domain types, 30 is a scaling factor, and
nonzero (x) is 0 if x = 0 and 1 if x ≠ 0. The equation
takes into account both the number of domain
types per genome and the number of exemplars
per type. The obtained values were scaled and
subsequently mapped onto the cluster map as a
white-to-red color gradient by normalizing all
values by the largest one and uniformly assigning
the resulting values to the white-to-red gradient
(0 = white, 1 = red).
(3) Multicellularity in prokaryotes was deduced by
searching for the keyword “Filament*” in the “cell
shape” and “cell arrangement” records of the GOLD
genome database†.
(4) The abundance of recently amplified repeats was
quantified as
abundance xð Þ ¼ 1− exp − x
20
 
;
1579Eukaryotic-like Bacterial Protein Networkwhere x denotes the number of the recently amplified
repetitive domains taken from the census and 20 is a
scaling factor. The obtained values were scaled and
mapped onto the cluster map as in the case of the
ELB domain representation.
Test set analysis
Each test set was compared to the reference map using
the scaled RMSD approach. The distribution of the
obtained scores shows that the two-step clustering
procedure is highly reproducible and, when clustering the
“reproducibility” set, returns cluster maps whose distanceFig. 7. Comparison of test sets to the reference map. (a) Di
the five test sets. Green, “reproducibility”; blue, “noise”; purple
“shuffle values in matrix columns”. (b) The genome cluster map
variability of each test set. The green-white-red color bar show
matrix columns” test set—red means a genome position is as
whereas green represents very low positional variability.to the reference map do not exceed RMSD of 3 in 97.2% of
the cases (green in Fig. 6 and Fig. S8). As mentioned
above, maps with distances in this range are so similar that
differences are difficult to recognize visually. Perturbing
the input data increases the RMSD (blue and purple in
Fig. 7); however, this increase is small compared to the
one induced by data shuffling (yellow and red on Fig. 7)
and the perturbed clustering runs still return substantially
the same map topology (Fig. S7).
To localize areas of decreased reproducibility, we com-
pared the positional variability of each genome (i.e., point in
the cluster map) in the “reproducibility”, “noise”, “omit 3 of 17”,
and “shuffle values in matrix rows” test sets relative to the
positional variability of the samegenome in the “shuffle valuesstribution of RMSD values relative to the reference map in
, “omit 3 of 17”; yellow, “shuffle values in matrix rows”; red,
from Fig. 3 colored according to the per-genome positional
s the positional variability relative to the “shuffle values in
variable as in the “shuffle values in matrix columns” set,
This is an open-access article distributed under the
terms of the Creative Commons Attribution-
NonCommercial-No Derivative Works License,
which permits non-commercial use, distribution,
and reproduction in any medium, provided the
original author and source are credited.
1580 Eukaryotic-like Bacterial Protein Networkin matrix columns” test set. We superimposed all cluster
maps to the reference and then calculated the per-genome
positional variability as
positional variability gi ; t j
 
¼ median distances to reference gi ; t j
  
median distances to reference gi ; ″shuffle values in matrix columns″ð Þð Þ
where distances_to_reference (gi, tj) returns the list of
distances between the location of genome gi in all members
of test set tj and the reference. distances_to_reference
values were highest in the “shuffle values in matrix
columns” test set; hence, positional variability values
normalized by the distances from this test set are in the
range [0, 1], which we encoded in a green-white-red color
gradient (Fig. 7b).
The resulting cluster maps show that the introduction of
noise has little effect on map topology except for greater
positional variability of α-proteobacteria in the core cluster.
Omitting data increases this effect and somewhat reduces
the positional reproducibility of fungi, non-filamentous
actinobacteria, and archaea. It can be observed in rare
instances that the outer clusters “flip” in the “reproducibil-
ity” test set (Fig. S8), and it seems reasonable to attribute
the reduction of reproducibility in the “noise” and “omit 3 of
17” test sets to a more frequent sampling of previously
hardly populated local minima during the clustering
process. Shuffling the values of each genome (“shuffle
values in matrix rows”) results in non-reproducible maps as
expected from a shuffle data set.
Sensitivity of the results to omission of individual
domain families
To determine the importance of single domain families for
cluster map topology, we created 17 “omit one” datasets,
each lacking the census data of one domain family (i.e., one
column in the census matrix). We created 100 cluster maps
for each dataset and computed their positional variability as
in the test set analysis. The only domain family whose
deletion perturbs the resulting cluster maps more strongly
than introducing noise or randomly omitting data is the Ser/
Thr-protein kinase family (Fig. S9). We therefore examined
this dataset inmore detail and found that the omission of Ser/
Thr-protein kinases increased the relative attraction be-
tween fungi and actinobacteria, such that, in about half the
maps, the former are flipped to the other side of the map,
away from the animals. While the clusters are thus stable,
their relative position is sufficiently changed to prevent a
favorable global superposition. This is different from the
shuffle maps, where the clusters themselves fall apart.Acknowledgments
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